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A multimodal emotion recognition method that utilizes facial expressions, body postures, and 
movement trajectories to detect fear in mice is proposed in this study. By integrating and analyzing 
these distinct data sources through feature encoders and attention classifiers, we developed a 
robust emotion classification model. The performance of the model was evaluated by comparing 
it with single-modal methods, and the results showed significant accuracy improvements. Our 
findings indicate that the multimodal fusion emotion recognition model enhanced the precision 
of emotion detection, achieving a fear recognition accuracy of 86.7%. Additionally, the impacts 
of different monitoring durations and frame sampling rates on the achieved recognition accuracy 
were investigated in this study. The proposed method provides an efficient and simple solution 
for conducting real-time, comprehensive emotion monitoring in animal research, with potential 
applications in neuroscience and psychiatric studies.

Emotions are intrinsic responses of organisms to external stimuli that directly influence their behaviour, 
cognition, and physiological states. Research on animal emotions not only helps reveal animal behaviour 
patterns1 but also provides important insights for neuroscience2, psychiatric research3, and drug screening4. In 
particular, fear, as a critical physiological response to threats, plays a crucial role in survival adaptation, decision-
making, and memory formation processes5,6. The detection and analysis of fear are essential for understanding 
the emotional mechanisms of animals and their manifestations in behaviour.

Currently, animal emotion research relies primarily on behavioural observations7 and physiological 
measurements8. Common emotional assessment methods involve inferring an animal’s emotional state by 
observing behaviours such as movements and monitoring physiological signals. However, these traditional 
methods are often subjective and inefficient, and they involve complex measurements that fail to comprehensively 
capture emotional changes in real time. This is especially true when complex emotional responses are monitored, 
as single-dimensional behavioural and physiological data may not accurately reflect an animal’s emotional state.

In recent years, with the advancement of technologies such as computer vision9, motion tracking10, posture 
recognition11, and multimodal encoding12, emotion recognition approaches based on multimodal data (e.g., 
facial expressions, body postures, and movement trajectories) have shown potential13. Facial expressions, posture 
changes, and movement trajectories are critical indicators of an animal’s emotional state, reflecting its immediate 
emotional responses. By combining these different features, multimodal learning methods can enable more 
accurate and comprehensive emotional assessments to be conducted. Multimodal emotion detection methods 
not only increase the accuracy of emotion recognition but also compensate for the limitations of single-modal 
data, thereby improving overall performance.

In the field of mouse emotion recognition2,14, several studies have been conducted to evaluate emotional 
states through facial expression analyses, posture analyses, or trajectory analyses. Changes in facial expressions, 
such as eye, ear, and mouth movements, have been shown to correlate with the emotional states of mice. Posture 
analysis techniques15,16, such as PoseNet11, OpenPose17 and DeepLabCut18, have made preliminary progress 
in the mouse posture and motion recognition field. Additionally, movement trajectory10,19 analyses can reveal 
spatial exploration behaviours, providing inferences about emotional changes. However, the existing studies 
still face certain limitations, especially when detecting fear emotions, where a single data source often does 
not provide sufficient information for accurately assessing the target emotional state. Thus, how to integrate 
multimodal data to improve the precision and reliability of emotion detection remains an unresolved issue.
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In this study, we aim to develop a multimodal emotion recognition method based on facial expression, body 
posture, and movement trajectory analyses, focusing on the detection of fear in mice via a single camera in a 
home cage setup. Through the fusion of multimodal data and advanced deep learning and machine learning 
methods, we hope to accurately capture the behaviours associated with fear in mice, providing a more efficient 
and objective solution for animal emotion monitoring and simplifying the experimental complexity of the fear 
emotion recognition process. This research will not only deepen our understanding of the relationships between 
mouse emotions and behaviours but also provide significant technical support for neuroscience, drug screening, 
and psychiatric studies.

Related works
Traditional emotion assessment methods
The traditional animal emotion research relied primarily on behavioural observations and physiological signal 
measurements20. The behavioural observation method infers emotional states by recording animals’ movement 
patterns21; exploratory behaviours; and specific emotion-related behaviours, such as avoidance, staring, and 
freezing22. The open field test23, elevated plus maze24, and conditioned fear test25 are widely used to assess 
anxiety and fear emotions in animals. However, these methods rely on manual scoring, which introduces strong 
subjectivity and low reproducibility26. The physiological measurement method evaluates the emotional states of 
animals by recording physiological signals such as heart rates, cortisol levels, and electroencephalography27. For 
example, an elevated cortisol concentration is commonly considered a physiological marker of stress and anxiety, 
whereas heart rate variability can be used to assess autonomic nervous system activity. Although these methods 
provide objective physiological data, their measurement processes often require invasive equipment, which 
may interfere with the target animals natural behaviour28. Additionally, physiological signals are influenced 
by multiple factors, making it difficult for a single physiological measure to accurately reflect an animals true 
emotional state.

Applications of computer vision and deep learning in emotion detection
In recent years, advancements in computer vision and deep learning technologies have provided new directions 
for animal emotion detection research29. Facial expression analysis, posture recognition, and movement 
trajectory analysis have emerged as key research focuses in this field30,31. The existing methods focus primarily 
on single-modal data analyses, inferring animal emotional states on the basis of vocalizations32. However, single-
modal approaches have limitations in terms of their accuracy and robustness. The emotional expressions of 
animals are typically multimodal, and relying on a single modality may fail to comprehensively capture the 
full spectrum of emotional characteristics33,34. However, the current multimodal emotion recognition methods 
still face challenges, particularly regarding the collection and synchronization of different modalities, which 
present significant technical difficulties. Additionally, data fusion strategies for use across multiple modalities 
remain underdeveloped, and how to effectively integrate multisource information to achieve enhanced model 
performance remains an open research question35.

Methods
Animal experimental design
In this study, healthy adult BALB/c mice (both from the Beijing Vital River Laboratory Animal Technology Co., 
Ltd., 8-12 weeks old) were used, with 20 mice per experimental group, for a total of 100 mice. All the mice were 
allowed to acclimate for 1-2 days before the experiment to minimize the stress caused by environmental changes. 
In the experimental group, the mice were exposed to mild electric shocks (2 second, 1.5 mA) in a fear-inducing 
context36, whereas the control group was allowed to move freely in a neutral environment without any threats.

Each mouse was subjected to three different experimental conditions to comprehensively assess its fear 
responses, with each trial lasting 10 minutes. The experimental conditions included a fear-inducing experiment, 
where the mice were exposed to mild electric shocks to trigger fear responses, and a control experiment, where 
the mice were free to explore in a neutral environment to record their baseline behaviour. Each mouse was 
subjected to three repetitions of each experiment to ensure the reliability and consistency of the acquired data. 
Randomization was used to minimize experimenter bias, and a 24-hour rest period was implemented between 
trials to allow for emotional recovery. All the mice were euthanized after the experiment via an overdose of 
sodium pentobarbital (100 mg/kg).

To more comprehensively assess fear responses, the freezing behaviour was incorporated as a measure of the 
fear levels of the mice37–39. Freezing, defined as the cessation of all movement except for respiration, was recorded 
via video tracking software to capture the total duration and frequency of freezing. During each 10-minute trial, 
the freezing behaviour was assessed in both the fear-inducing and neutral conditions. The percentage of time 
spent freezing was calculated for each mouse by dividing the freezing time by the total trial time. This evaluation 
allowed for a more objective and quantifiable measure of the emotional responses to fear-inducing and control 
conditions. The freezing time data were averaged across three experiments for each mouse and statistically 
analysed to compare the freezing behaviours observed under different conditions. The emotional impact of the 
fear stimuli was assessed by comparing the freezing behaviour differences between the experimental and control 
groups.

Data collection and preprocessing
High-definition cameras (with 100-Hz frame rates) were used to record mouse behaviours and capture facial 
expressions, body posture changes, and movement trajectories. The cameras were placed at the side of the 
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experimental environment to capture a comprehensive view of the behaviours of the mice. Each trial lasted 10 
minutes, and both the experimental and control groups were recorded under different conditions.

Given the single-side camera setup, it was necessary to precisely calibrate the positions of the mice in the 
video data. We used the ResNet50-based40 DeepLabCut18 deep learning model, which was fine-tuned with 
minimal annotated data, to track the movement trajectories and key position points of the mice on the floor 
of the arena. The position calibration algorithm transformed the 2D video data into real-world mouse location 
distributions, significantly improving the accuracy of the movement trajectories.

For posture extraction purposes, the pretrained DeepLabCut18 network based videos’ key frames was used 
to automatically detect key body points and generate a continuous posture feature sequence. Regarding facial 
feature extraction, the Fast region-based convolutional neural network (R-CNN)41 model was employed to detect 
and precisely locate the faces of the mice, extracting facial regions for determining emotion-related features. To 
handle potential missing facial data caused by rapid movements or view angle limitations, we introduced a blank 
token to maintain the consistency of the multimodal data, reduce biases during the feature fusion process and 
improve the robustness of the emotion recognition model.

Construction of the multimodal emotion classification model
To effectively integrate the acquired facial images, posture sequences, and position coordinates into a unified 
input for emotion classification, the data were encoded accordingly. Given that emotion recognition relies not 
only on static features but also on temporal context, particularly for posture and position features, we used 
a temporal-aware encoder to process the obtained frames over time, capturing temporal dependencies. The 
resulting encoded matrix was then input into a bidirectional encoder representations from transformers (BERT)-
based model for emotion classification. The overall model architecture is shown in Fig. 1.

Temporal-aware multimodal encoder
Facial expression encoder: Based on the ResNet50 architecture, the facial expression model was trained on 
the mouse facial dataset and the corresponding emotion labels. The features were encoded as one-hot vectors, 
forming facial emotion feature matrices by concatenating the facial vectors across fixed frames. Let Ft ∈ Rdf  
denote the facial feature vector at frame t, where df  represents the dimensionality of the feature space (e.g., 
df = 2 for one-hot encoding). The facial emotion feature matrix F is constructed by concatenating the vectors 
across n frames.

	 F = [F1, F2, . . . , Fn] where F ∈ Rdf ×n� (1)

Posture encoder: The posture recognition features are defined by 9 key points, including the limbs, back, 
head, ears, and tail16. Let Pt ∈ R2·9 represent the posture feature vector at frame t, where each keypoint has 
a corresponding (x, y) coordinate. The posture feature matrix P is then constructed by concatenating these 
posture vectors across n frames. Each vector Pt ∈ R18 captures the dynamic posture of the mouse, and the 
matrix P retains temporal information over time.

	 P = [P1; P2; . . . ; Pn] where P ∈ R18×n� (2)

Fig. 1.  Structural diagram of the multimodal mouse emotion recognition model.
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Trajectory encoder: Mouse trajectories were represented as 2D coordinate vectors. Let Tt ∈ R2 denote the 
trajectory vector at frame t, representing the position in the 2D space. The trajectory feature matrix T is 
constructed by concatenating the trajectory vectors across n frames. This matrix T captures the temporal 
dynamics of the mouse’s movement over time, with each Tt containing the 2D coordinates of the mouse’s 
position at frame t.

	 T = [T1; T2; . . . ; Tn] where T ∈ R2×n� (3)

The resulting encoded matrices derived from all three modalities (i.e., facial expressions, postures, and movement 
trajectories) were concatenated to form a unified multimodal encoding matrix, which was then input into the 
emotion classification model.

Multimodal emotion classification model
For emotion classification purposes, a transformer-based42 model was employed. The encoded matrices 
produced for facial expressions, postures, and movement trajectories were concatenated and weighted via self-
attention mechanisms to enhance the effect of feature fusion. Let F, P, T represent the encoded matrices for 
facial expressions, postures, and movement trajectories, respectively. The concatenated feature vector M is 
formed by concatenating these matrices across their respective dimensions.

	 M = [F; P; T] where M ∈ R(df +18+2)×n� (4)

This unified multimodal feature matrix M is then weighted by the self-attention mechanism, which learns the 
importance of each modality. The self-attention mechanism is given by42,43:

	
A = Softmax

(
QKT

√
dk

)
V� (5)

The concatenated feature vector, after self-attention weighting, was passed to a BERT44 model to capture the 
complex relationships between the different modalities and model long-range dependencies. The final emotion 
classification results were output through a fully connected layer, with the softmax function generating predicted 
probabilities for the possible emotional states. The model was optimized using a cross-entropy loss function to 
obtain efficient and accurate predictions.

	 ŷ = Softmax (Wh + b)� (6)

Training process
During the model training and inference processes, we used an NVIDIA RTX 4090 GPU (24 GB). The model 
training procedure was based on the PyTorch framework45.

Raining single-modality encoders
To ensure that effective features were extracted from each modality, we first trained separate models for 
recognizing facial expressions, postures, and trajectories, obtaining individual modality-specific encoders.

Facial Expression Encoder Training: The facial expression recognition model was designed as a classification 
network that maps a single-frame facial image of a mouse to a 1 × 2 one-hot encoded vector representing two 
emotion categories. ResNet50 served as the backbone network and was optimized via the adaptive moment 
estimation (Adam)46 optimizer with an initial learning rate of 1 × 10−4 and a batch size of 8. The model was 
trained for 50 epochs using the cross-entropy loss function, which incorporates data augmentation techniques 
such as random rotation and flipping to enhance the generalizability of the model.

Posture Recognition Encoder Training: The posture recognition model was implemented via the DeepLabCut 
framework, which employs a deep pose estimation algorithm to track nine key points on the body of each mouse, 
generating an output consisting of 1 × 18 coordinate vectors. DeepLabCut used a ResNet50-based feature 
extraction network and was optimized through supervised learning with the mean squared error (MSE) loss. 
The Adam optimizer with an initial learning rate of 1 × 10−4, a batch size of 8, and 20000 training iterations was 
adopted during the training process.

Trajectory Recognition Encoder Training: The trajectory recognition model, which is also based on 
DeepLabCut, was trained to detect the movement trajectory of each mouse within the experimental environment. 
The model identified and calibrated the position of each mouse by detecting the four corners of the enclosure, 
outputting a 1 × 2 coordinate vector (x, y). The training process was similar to that of posture recognition, using 
a ResNet50 backbone; the Adam optimizer with an initial learning rate of 1 × 10−4, a batch size of 8, and 20000 
training iterations; and the MSE loss as the objective function.

Multimodal fusion training
After training the individual modality-specific encoders, we concatenated the extracted features to form an 
(2 + 18 + 2) × n multimodal encoding matrix and fine-tune a BERT-based model for classifying the final 
emotions. The BERT model employed a transformer architecture for contextual modelling, and it was trained 
with the weighted Adam optimizer, an initial learning rate of 1 × 10−4, and a batch size of 8. The cross-entropy 
loss function was used for optimization, and an early stopping strategy was applied (terminating the training 
process if the validation loss did not decrease for five consecutive epochs). During inference, a sequence of n 
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consecutive frames was fed into the three modality-specific encoders, and the extracted features were fused 
through the BERT model to produce the final emotion classification outcome.

Model evaluation and validation
To evaluate the performance of the multimodal emotion classification model, we used metrics such as accuracy, 
sensitivity and specificity. During the training process, 10-fold cross-validation was applied to assess the stability 
of the model. To validate the accuracy of the model, we used physiological gold standards, such as corticosterone 
levels or heart rates, to confirm the presence of fear responses. Fear typically induces significant changes in these 
physiological metrics, and comparing the predictions yielded by the model with physiological data provided an 
additional validation of its accuracy and robustness.

Ethical statement
All experimental protocols in this study were approved by the Institutional Animal Care and Use Committee of 
Jilin University (IACUC permit number: SY202305300) in compliance with the Guide for the Care and Use of 
Laboratory Animals: Eighth Edition and the Laboratory Animal - Guideline for ethical reviews of animal welfare 
(GB/T 35892-2018). All methods were reported in accordance with the “ARRIVE” guidelines.

Results
Accuracy comparison involving the multimodal emotion classification model
To evaluate the performance of the proposed multimodal emotion classification model, we compared its outputs 
with the trajectory analysis results obtained from an open field experiment, as well as the classification outcomes 
derived from three single-modal models (i.e., facial expressions, body postures, and movement trajectories), 
as shown in Table 1. The experimental results revealed that the accuracies of the single-modal models were 
relatively low, with the classification accuracies achieved for facial expressions, body postures, and movement 
trajectories being 73.3%, 78.3%, and 65.0%, respectively. In contrast, the emotion recognition results produced 
using trajectory analysis in the open field experiment yielded an accuracy of 93.3%. In comparison, the proposed 
multimodal fusion model, which jointly analysed facial expression, body posture, and movement trajectory 
information, significantly improved the attained accuracy, reaching 86.7%. This demonstrates the effectiveness 
of multimodal fusion in mouse emotion recognition tasks.

Ablation study concerning multimodal emotion recognition under different monitoring 
durations
The mouse emotion recognition accuracies achieved across different time windows of 3, 5, 10, and 15 seconds 
were compared in this study, as shown in Figure 2. The results indicated that the accuracy of the multimodal 
emotion recognition model stabilized after 10 seconds, ultimately reaching 86.7%. Similarly, the facial expression- 

Fig. 2.  Comparison among the accuracy, sensitivity and specificity values achieved by the four tested models 
under different monitoring durations.

 

Recognition Method Monitoring Duration Frame Rate Accuracy Specificity Sensitivity

Open Field Experiment47 10-15 min - 93.3% 90.0% 96.7%

Facial Expression 10 s 40 73.3% 69.7% 76.9%

Body Posture 10 s 40 78.3% 76.6% 80.0%

Movement Trajectory 15 s 40 69.0% 68.3% 70.7%

Multimodal Analysis 10 s 40 86.7% 83.4% 90.0%

Table 1.  Accuracy Comparison Among an Open Field Experiment, Single-Modal Models, and the Multimodal 
Emotion Recognition Model.
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and body posture-based emotion recognition models also stabilized after 10 seconds, with accuracies of 73.3% 
and 78.3%, respectively. In contrast, the accuracy of the movement trajectory recognition model continuously 
increased throughout the monitoring period, reaching 69.0% after 15 seconds.

Ablation study concerning multimodal emotion recognition under different frame sampling 
rates
The accuracy, sensitivity, and specificity of mouse emotion recognition results produced with frame sampling 
rates of 10, 20, 40, and 60 frames over a 10-second detection window were compared in this study, as shown in 
Figure 3. The results showed that the accuracy of the multimodal emotion recognition model remained relatively 
stable, with a slight increase between 10 and 40 frames, and eventually stabilized. Ultimately, the accuracy, 
sensitivity, and specificity of the model were found to stabilize at 86.7%, 83.4%, and 90.0%, respectively.

Discussion
The multimodal emotion recognition method proposed in this study successfully achieved efficient and accurate 
fear emotion monitoring in mice by combining facial expression, body posture, and movement trajectory data. 
The experimental results demonstrate the significant advantages of the multimodal model, particularly in terms 
of accuracy, sensitivity, and specificity.

First, although single-modal emotion recognition models have made progress in their respective domains, 
they still present certain limitations. The accuracy of the facial expression model was 73.3%, the body posture 
model achieved an accuracy of 78.3%, and the movement trajectory model reached 69.0%. Facial expressions, as 
forms of emotional expression, are influenced by the anatomical features of the face and viewing angle of each 
mouse, leading to instability, especially during rapid movements or in blind spots. Body posture analysis, which 
relies on a mouses limb movements, provides a good reflection of emotional changes. However, in corners of 
the arena, the missing coordinates of some body parts can yield reduced classification accuracy. Movement 
trajectory analysis captures a mouses spatial exploration behaviours, which, in fear contexts, become chaotic and 
difficult to accurately capture, leading to a decline in model performance. As a result, single-modal methods fail 
to provide sufficient information, limiting the accuracy of their emotion classification processes.

In comparison, the multimodal fusion method exhibits enhanced emotion recognition accuracy by 
combining various features derived from facial expressions, body postures, and movement trajectories, fully 
leveraging the complementary nature of different data sources. In this study, the accuracy of the multimodal 
emotion recognition model increased significantly to 86.7%. This result indicates that features from different 
modalities can complement each other, providing a more comprehensive representation of emotions. In 
particular, the use of a temporal-aware encoder for processing continuous frame data enabled the model to 
capture the dynamic changes exhibited by the emotional states of the mice, effectively integrating the temporal 
dependencies contained in posture and movement trajectories. Compared with the single-modal models, the 
multimodal model better reflected the multidimensional features of the changes in the emotional states of the 
mice, significantly enhancing the robustness and accuracy of emotion classification.

However, this study also has certain limitations. First, although the multimodal model achieved high 
accuracy, its performance was still influenced by the experimental conditions and the quality of the input data. 
For example, the angle and quality of the camera setup affect the accuracy of facial expression and body posture 
recognition tasks, particularly when a mouse moves quickly or when the camera angle is poor, which can lead to 
facial features being lost or misidentified. Although the study employed blank token padding to mitigate missing 
facial data, this approach did not fully eliminate the data losses caused by blind spots or rapid movements. 
Second, owing to the contextual awareness limitations of the BERT model, analysing long monitoring windows 
or high frame rates may lead to incomplete temporal perception, resulting in misclassification.

Future research could explore expanding the proposed approach to more diverse emotional recognition 
scenarios, with the aim of developing a comprehensive multimodal recognition model for detecting a full range 
of emotions. Additionally, extending the contextual awareness length of the classification model, as well as 

Fig. 3.  Comparison among the accuracy, sensitivity and specificity values produced by the four tested models 
at different frame sampling rates.
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considering emotions beyond the set perceptual window, is crucial. This approach could effectively address the 
data loss caused by a mouse stopping its movement or facing away from the camera, enhancing the robustness 
and accuracy of the emotion recognition system.

The proposed multimodal framework introduces increased but manageable computational complexity 
compared to unimodal baselines. For the visual encoders, each ResNet50-based encoder requires 
O(C × W × H) operations per frame during inference, where C, W, H denote input channels, width and 
height respectively. Training complexity scales linearly with epochs E, batch size B, and sample size N, yielding 
O(E × B × N × C × W × H) per modality.

For the multimodal fusion, The BERT-based fusion module adds O(N × L2) complexity during inference 
for sequence length N and hidden dimension L, with training complexity O(E × B × N × L2). The total 
complexity is:

	 Ototal = O(E × B × N × C × W × H) + O(N × L2)� (7)

The total complexity exceeds single-modal methods due to multi-encoder processing and transformer operations. 
However, this trade-off is necessary to achieve enhanced classification performance through complementary 
feature integration from facial expressions, posture dynamics, and motion trajectories, as demonstrated in our 
experiments.

Data availability
The data that support the findings of this study are available upon reasonable request from the corresponding 
author: chy@jlu.edu.cn.
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